The paper is organised as follows: Section II presents the literature review, including both the existing empirical evidence with regard to the gender wage gap in Pakistan, and also some international evidence on the pattern followed by the gender wage gap across the wage distribution, and the glass ceiling effect. Section III discusses the methodology; Section IV describes the dataset and provides descriptive statistics which inform us of especial features of female participation in the Pakistani labour market, including employment and wage ratio. Section V is a summary of the statistical findings of our analysis, while Section VI concludes by discussing the relevant policy implications.
II. LITERATURE REVIEW
Human capital theory of wage determination suggests that wages are tied to productivity, and in a non-discriminatory environment, the observed gender wage differential should be completely explained by differences in productivity between men and women. Gender discrimination occurs when equally productive male and female workers are paid differently. Given the gendered division of labour, women are considered less likely to invest in market-oriented formal education because they expect a shorter and more discontinuous working life; an investment in education will therefore not pay off well in the future. More limited experience and less investment in education will reduce their productivity and will translate in lower wages. However, as mentioned earlier, when equally productive male and female workers are paid differently this phenomenon is described as gender discrimination.
International Findings on Gender Pay Gap
Since Becker's (1957) seminal paper on the economics of discrimination, studies on the magnitude and sources of the gender wage gap have proliferated [Bayard, et al. (2003) ; Blau and Kahn (2000) ; Groshen (1991) ; OECD (2002) ]. There is ample evidence of gender discrimination in a host of developed and developing countries. Newell and Reilly (2001) use the Oxaca-Blinder methodology to investigate the gender wage gap in former communist countries of eastern Europe and the Soviet Union; they find that most of the earnings gap in the 16 countries considered is ascribed to the 'unexplained' component. Further, the study uses the Quantile regression analysis to demonstrate that in all but one country considered, the ceteris paribus gender pay gap rises as we move up the wage distribution. Similar findings that confirm that the gender gap increases across the wage distribution and accelerates in the upper tail of the distribution are confirmed for European countries [see Albrecht, et al. (2001) for Sweden]. This acceleration in the wage gap at the upper tail is interpreted as the presence of a glass ceiling effect. Pereira and Martins (2000) used the quantile regression framework for an analysis of changes in the returns to education at distinct points of the log wage distribution for 15 European countries. The most recent Structure of Earnings Survey data for 2002, covering only the private sector, indicate a rather substantial pay gap between men and women. All in all, the gender pay gap in the 25 member states is almost 25 percent. The largest gap is found in the UK (30 percent), the smallest in Slovenia (11 percent).
Some studies using the semi-parametric technique of quantile regressions also exist for developing economies such as the Philippines (2004) and Vietnam (2006) . These studies find a different pattern in the gender wage gap across the gender wage distribution. Sakellariou (2004) using the quantile regression find that the underpayment of women is much higher for low earnings workers and continuously decreases as we progress to higher earnings; they find that 'this underpayment at the lowest income decile is more than twice the underpayment at the highest income decile'. A similar pattern is confirmed for Vietnam [Pham and Reilly (2006) ].
Gender Pay Gap in Pakistan
As mentioned above, the mean gender wage gap has been extensively studied in Pakistan. estimated the mean gender wage gap for Pakistan as a whole and also for the four provinces. Using the Household Income and Expenditure Survey (HIES), the respective Mincerian Wage equations estimated separately for males and females confirmed that the earnings level rose monotonically with the level of educational attainment for both time periods considered (1979 and 1986) , and for both sexes in most cases. They claimed that the wage gap stood at 63.27 percent in 1979, and declined to 33.09 percent in 1986. They found that the decline was broad-based and occurred in every province, and across every industrial group. Siddique, et al. (1998) also find evidence for gender discrimination. They used the standard (Oaxaca 1973 ) decomposition method to split the gender wage gap into two parts: the part due to difference in characteristics and the part due to differences in return to these characteristics. The latter constitutes gender discrimination. Siddique, et al. estimate discrimination of 55-77 percent, i.e. 55 to 77 percent of the earnings differential between male and female workers is a result of discrimination in the labour market. Nasir and Nazli (2000) used the 1995-96 Pakistan Integrated Household Survey (PIHS) to estimate the Mincerian wage equation. They estimate a positive and significant gender coefficient (0.264) after controlling for region (rural/urban), province, and educational attainment. Siddique, et al. (2006) used the survey data of export oriented industries located in Karachi, Faisalabed and Sailkot: The results of the study are in line with other studies and confirm gender discrimination in export oriented industries. They further concluded that the impact of adjustment policies, leading to liberalisation, and resulting change in the labour market, has a disproportionately higher negative impact on females.
The studies mentioned above provide empirical support for gender discrimination in the Pakistani labour market; however, these studies analysed the gender wage gap by comparing the mean male/female wage. Studies which compare the gender wage gap at different points along the wage distribution are not available for Pakistan.
III. EMPIRICAL STRATEGY
To analyse the gender pay gap, we choose more than one method to verify the sensitivity of the gender wage differential with respect to the choice of technique. The estimates include a comparison of the mean male-female wage gap, the Oxaca-Blinder decomposition of the male-female wage differential, and finally, an analysis of the gender wage gap along the wage distribution. In the context of the quantile regression approach, we largely relied on the temporal decomposition technique of Pham and Barry (2006) .
Analysing the Gender Pay Gap
Perhaps the simplest approach to analysing the gender pay gap is to divide the mean value of female wage by the mean value of male wage:
where w f and w m represent the wages of males and females, D represents discrimination or gender pay gap and the bar sign indicates averages.
The Dummy Approach
Following the seminal work of Mincer (1974) , it is conventional to specify log wages as a function of a set of wage determining characteristics, which primarily include controls for human capital. In the empirical literature on the gender pay gap, the simplest way to analyse the gender pay gap is to perform a regression analysis, with gender included as a dummy variable, in order to capture the effect of discrimination:
where w i represents the log wage and X i the control characteristics (e.g. education, job experience, and job characteristics) of an individual i, ß and are parameters.
The Oxaca-Blinder Decomposition
A relatively more sophisticated procedure to investigate the gender pay gap is developed by Blinder (1973) and Oaxaca (1973) . In this procedure, wages are estimated separately for individuals, i, of the different groups, g (males and females). As a result, this procedure allows that productive characteristics of men and women are rewarded differently:
where g = (m, f), represents the two sexes; Wgi is the log wage, and Xgi the control characteristics of an individual i of group g.
The total wage differential between men and women can then be decomposed into an explained part (differential due to differences in characteristics) and an unexplained residual.
The difference in mean wages can be written as:
where Wg denotes the mean log wage, X g represents the control characteristics of group g and ˆßg the estimated parameter from Equation (3). While the first term represents the effect of different productive characteristics (the endowment effect E), the second term represents the unexplained residual U (often referred to as 'wage discrimination') which includes differences due to unobserved variables that influence productivity and difference due to a differential reward for equal characteristics. In Equation 4 the difference in male and female characteristics are evaluated using the male wage structure. In principle, it is possible to use the female wage structure as the reference. This will in general lead to different outcomes.
Temporal Decomposition Using Mean Regression
In the context of the mean regression framework, we can adopt an index number approach to temporally decompose the gender pay gap. Based on Equation 4, the overall gender pay gap, at separate points in time can be expressed as:
where 0 denotes the base year and n any year after the base year. The temporal decomposition of the gender pay gap can be expressed as:
After some arithmetic operations the temporal decomposition of the gender pay gap can be rewritten as:
Thus, the overall change in the gender pay gap between two years can be decomposed into four parts. The first part is attributable to the temporal change in the gender differential in realisation of observable characteristics using the male coefficient. The second part is attributable to the temporal change in the realisation of the observable female characteristics. The third part is attributable to the temporal change in the male wage structure. The final term is attributable to the temporal change in unequal treatment (or wage discrimination).
Analysing Gender Discrimination Using Quantile Regressions
The foregoing decompositions are situated within a mean regression framework. An exclusive focus on the mean, however, provides an incomplete account of the gender pay gap. The quantile regression approach allows the gender pay gap to be estimated at particular quantiles of the conditional wage distribution as opposed to simply the mean. The estimation of a set of conditional quantile functions potentially allows a more detailed portrait of the relationship between the conditional distribution of the wage and selected covariates. In contrast to the OLS approach, the quantile regression procedure is arguably less sensitive to outliers and provides a more robust estimator in the face of departures from normality than the OLS technique [Koenker (2005) ; Koenker and Basset (1978) ]. In addition, according to Deaton (1997) , quantile regression models may also have better properties than the OLS ones in the presence of heteroscedasticity. Using this methodology, the log wage equation may be estimated conditional on a given specification and then calculated at various percentiles of the residuals (e.g., 10th, 25th, 50th 75th or 90th) [see Chamberlain (1994) ].
The quantile regression for both sex groups can be defined as:
where
, ß g denotes the unknown male and female parameter vector for the th quantile, and denotes the chosen quantile.
From Equation 9
Q
In this expression, characteristics are evaluated conditionally at the unconditional quantile log wage value and not unconditionally as in the case of the mean regression approach. The term E(µ g | W g = Q (W g ) is thus non-zero for both sex groups. From Equation (10), the gender pay gap at the th quantile is defined as and this can be decomposed into three parts:
This can be rewritten more compactly as:
Using mean characteristics in Equation (12) may provide unrepresentative realisations for the basket of characteristics at points other than the conditional mean wage to which they actually relate. Therefore, it is necessary to use realisations for the basket of characteristics that more accurately reflect the relevant points on the conditional wage distribution. In this paper, to derive the characteristics at different quantiles of the wage distribution, the sampling variances for the quantile regression estimates are obtained using bootstrapping.
In the context of the quantile regression approach, we use a relatively ad hoc method for the temporal decomposition of the gender pay gap at selected quantiles [see Pham and Barry (2006) for details]. The overall gender pay gap at the qth quantile can be expressed as:
where 0 denotes the base year and n any year after the base year. The temporal decomposition of the gender pay gap is as follows:
Thus, the overall change in the gender pay gap between two years at the th quantile can be decomposed into five parts. The first part is attributable to the temporal change in the gender differential in realisations of observable characteristics at the th quantile of the wage distribution evaluated using male coefficients. The second part is attributable to the temporal change in the realisations of the observable female characteristics at the th quantile of the wage distribution. The third part is attributable to the temporal change in the male wage structure at the th quantile of the wage distribution. The fourth term is attributable to the temporal change in unequal treatment (or wage discrimination) at the th quantile of the wage distribution. The final term is unexplained and may be attributable to the changing role of un-observables over time.
The temporal decomposition suggested by Juhn, Murphy and Pierce (1991) could be used to decompose the average pay gap over time but this procedure is neither outlined nor pursued here in terms of the mean regression analysis. The Equation 15 is subject to an 'index number' problem, the temporal gender pay gap can also be re-cast in another form. However, in this paper we restricted ourselves to Equation 15.
IV. DATA AND SPECIFICATION ISSUES
Respective Labour Force Surveys for 1996-97 and 2005-06 are employed for our analysis. These surveys provide a narrative of almost a decade. The survey collects comprehensive information on various activities of workers. The information about employment status and distribution of employed labour force by industry division, gender and regions is particularly important for this study. A comparison of LFS with other data sources shows the superiority of LFS because of greater internal and external consistencies [Zeeuw (1996) ]. Since the 1990s, the questionnaire of the LFS has been revised twice and a number of other changes have been made to improve the quality of data collection as well as coverage of different sub-groups.
For the purpose of our analysis we restrict our sample to wage earners and salaried persons of 10 to 70 years of age: for 2005-06 the sample contains 24,366 individuals, 21,323 males and 3,043 females; while for the 1996-97 cross-section the 13,594 individuals, 12,229 males and 1,365 females. The majority of these individuals are fulltime employees who work more than 35 hours per week. The data on earnings include only cash payments; other benefits such as bonuses are not included in these earnings.
Specification Issues
The wage regression analysis reported in this study uses monthly real wage rates. The natural logarithms of these real wage rates are then used in the augmented Mincerian wage equations, which control for, inter alia, human capital and other characteristics. It is customary to use a years-in-education variable in the standard human capital wage specification. In case of Pakistan, the schooling years would have to be computed from the information on the highest educational qualifications obtained as reported in the household surveys. However, as demonstrated in other studies, this might introduce noise into the measurement of this particular variable [for instance Pham and Barry (2006) , Sabir and Aftab (2006) ] and this study thus uses a set of educational dummies to capture human capital effects. In addition, the age of an individual is used to proxy for labour market experience rather than using a potential labour force measure. This is acknowledged as a constraint in this application but data limitations prevent use of a more accurate measure.
The econometric specification used in this study is slightly different from other studies on gender pay gap in Pakistan in a couple of key respects. Firstly, educational levels and the individual's age are used instead of years in schooling and potential experience. This is to avoid the introduction of a possible measurement error in key explanatory variables, though it is acknowledged that the use of age, a proxy experience measure, as compared to the use of an actual measure, is likely to inflate the magnitude of the unequal treatment component in the decompositions undertaken here. Secondly, occupation controls for the wage employed workers are not included in our regression models. This is a judgment call and we take the view that the inclusion of controls that may reflect the outcome of a labour market discriminatory process is undesirable in this case. In addition, there is also a concern regarding the potential endogeneity of the occupational attachment variables.
V. DESCRIPTIVE STATISTICS
Pakistan's labour market is characterised by a very low female to male employment ratio of 0.14 in 2005-06 (see Table 1 ). In 1996-97 for every 9 men employed only one woman was working; in comparison, in 2006 for every 7 men employed only one woman is employed. Although female to male employment ratio has marginally improved since 1996-97, however, it still remains very low. The descriptive statistics further reveal a large and persistent wage gap between males and females. The gender wage ratio, over the last decade, has only posted a marginal increase from 0.66 to 0.69: In FY2006 for every Rs 1 earned by a man, a female worker earns only 69 paisas. Table 2 presents descriptive statistics for some of the relevant variables. The average age of employed males has consistently been higher than the mean age of working women: the mean age of working men in 1996-97 was 33.7, and has reduced to 32.7 years, in 2006; while the average age of working women remained unchanged at 30.7 years. If we look at the education attainment indicators for the employed sample, we find that, on average, women workers are more qualified than men, and yet remain underpaid, on average, as compared to their male counterparts. In 2006, while only 11 percent of the employed men were graduates, 17 percent of working women had a graduate degree. Finally, in 2006, the proportion of women in blue collar jobs (defined as technical jobs, clerks, crafts and other services related jobs) has increased as compared to 1997.
VI. EMPIRICAL RESULTS
The wage regression estimates, using the mean and the quantile regression models, are provided in the Appendix and are not the subject of detailed discussion here. However, it is noteworthy that the fit of the Mincerian equations have improved for both gender groups over the time period reviewed here and that the point estimates for the returns to the higher formal human capital measures have increased sharply. For instance, return to postgraduate has increased to 0.83 in 2005-06 as compare to 0.71 in 1999-2000 and 0.81 in 1996-97. This could be taken to reflect the enhanced role of the labour market in valuing human capital in Pakistan over the high economic growth period. Table 3 reports ceteris paribus gender pay gap estimated over the 1996-97 to 2005-06 period using a pooled wage regression model with a gender intercept term. The estimates reflect the decline in the relative female wage position. For instance, in 1996-97 a male wage employee earned 50 percent more than a comparable female, on average and ceteris paribus, but by 1999-2000 the 'mark-up' had increased to 53 percent, exhibiting further worsening thereafter in 2006 to 60.5 percent. Table 3 also provides the estimated gender effects at different quantiles of the conditional wage distribution. These estimates suggest mix pattern in the female relative wage position in the Pakistani labour market. The gender pay gap tends to display a sharp decline with movement across the conditional wage distribution. This tentatively suggests that gender pay inequality is larger in the low-paid than in the high-paid jobs though this is interrogated more closely using the decompositions reported below. The decreasing ceteris paribus gender pay gap across the different quantiles of the conditional wage distribution, however, is in marked contrast to what is commonly observed in other transitional and developed economies where a 'glass-ceiling' effect is evident at higher points on the conditional wage distribution [see Reilly (1999) and Newell and Reilly (2001) ].
Gender Pay Gap: Pooled Regression

Gender Pay Gap: Oxaca -Blinder Decomposition
The estimation of separate wage equations allows for the implementation of the various gender pay gap decomposition methodologies both at the mean and selected quantiles. In reviewing the estimates reported in Table 4 , the expansion in the gender pay gap between 1996-97 and the later years is again evident. In all years, the greater part of the gender pay gap is attributable to unequal treatment with respect to gender. Similarly, in accordance with the results reported in Table 3 , which uses an intercept shift to capture gender, the treatment effect appears to grow across the selected quantiles of the conditional wage distribution.
There is a substantial expansion in the average gender pay gap over time. The raw gender pay gap expanded by 0.10 log points between 1996-67 and 2005-06. The expansion in the gender pay gap over these years is also evident at selected points on the conditional wage distribution, though it is more pronounced at the bottom rather than at the top end of the distribution (see Table 4 ). 
Temporal Decomposition of the Gender Pay Gap
As highlighted above, there is a substantial increase in the average gender pay gap over time. The raw gender pay gap expanded by 0.93 log points between 1999-00 and 2005-06. The expansion in the gender pay gap over these two years is also evident at selected points on the conditional wage distribution, though it is more pronounced at the bottom rather than at the top end of the distribution. In fact, the top end shows a decline in gender pay gap during the same period (see Table 5 ).
In order to get further insights the mean and the quantile gender pay gaps between 1999-00 and 2005-06 (i.e. between 1996-97 to 1999-00, and 1996-97 to 2005-06) are decomposed using both expressions (8) and (15). The change in observable characteristics like education level, employment in white or blue collar jobs and residence urban areas at the mean account for most of the expansion in the gender pay gap during 1999-00 to 2005-06. While from 1996-97 to 1999-00, observable characteristics, observable gender differentials and wage structure show a contraction the unequal treatment between the sexes accounts for the marginal expansion in the gender pay gap. To consolidate, the entire 9 year period, since 1996-97 to 2005-06, expansion in observable characteristics in the first half, and increased gender discrimination post 2000 account for the expansion in the gender pay gap.
At the bottom end of the wage distribution the gender pay gap expanded by 0.146 log points during 1999-00 to 2005-06, with changes in observable characteristics exerting an important widening role. However, from 1996-97 to 1999-00, bottom end of the wage distribution experienced a substantial contraction of 0.121 log points. At the top end of the wage distribution the gender pay gap contracted by 0.142 log points from 1996-97 to 2005-06 with changes in gender discrimination and wage structure exerting an important narrowing role. The change in the unobservable effect appears important in explaining the contraction in the gap over time at the 90th percentile. The increase in unequal treatment of men and women appears an important driver for the expansion in gender pay gap at the 10th and 25th quantile, and the median. Thus, the underlying narrative regarding the expansion of the gender pay is sensitive to the selected point on the conditional wage distribution.
VII. CONCLUSION
The recent economic performance has had a significant impact on the labour market in Pakistan. The statistics reveal that this high growth period successfully attracted more females than male workers into the labour market through providing more opportunities to them and reducing their unemployment rate. However, this increase in female labour supply translated in widening the gender pay gap.
A contribution of this paper has been the examination of the degree to which the gender pay gap varies across the conditional wage distribution. The decomposition analysis suggests that, in contrast to general perception, the absolute wage gap increase over the wage scale. In comport with the mean regression findings, there has been a contraction in the gender pay gap at the top end of the wage distribution. The change in unobservable characteristics appears important in explaining the contraction in the gap over time at the 90th percentile which is again resonant of our findings for the mean regression. However, the reduction in unequal treatment of men and women only appear an important driver for the increased gender pay gap in the lower-middle part of the conditional wage distribution.
We believe our analysis provides an informative portrait of the gender pay gap over time in the wage employment sector. But note, this sector only comprises 37.3 percent of those at work in Pakistan by 2005-06. It should be stressed, therefore, that this study thus offers only a partial insight into the effect of labour market dynamism in Pakistan. The sizeable increase in the gender wage gap among the wage employed is not a welcome feature of the transformation process. However, this finding should not be over-emphasised and some perspective is clearly required here. For instance, our analysis did not examine the dynamism on other important employment sectors (e.g., the selfemployed or those employed in the informal sector) or the implications for those women discouraged from retaining links with the formal labour market. Huber (1967) and the quantile regression model estimates are based on bootstrapping. Huber (1967) and the quantile regression model estimates are based on bootstrapping.
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